Objective: To develop an algorithm that separates patients with Alzheimer disease (AD) from controls.
T

HERE IS CLEARLY A NEED FOR
reliable and valid diagnostic and prognostic biomarkers of Alzheimer disease (AD), and in recent years, there has been an explosive increase of effort aimed at identifying such markers. It has been previously argued that, because of significant advantages, the ideal biomarkers would be gleaned from peripheral blood. 1 Peripheral blood can be collected at any clinic (or in-home visit) whereas most clinics are not capable of conducting lumbar punctures. Furthermore, advanced neuroimaging techniques are typically only available in large medical centers of heavily urbanized areas. A bloodbased algorithm greatly increases access to advanced detection, and while nearly all patients are willing to undergo venipuncture, fewer elderly patients agree to lumbar puncture and many are unable to undergo neuroimaging for a range of reasons (eg, pacemakers).
Even though there is a large literature demonstrating altered levels of a range of biomarkers (cerebrospinal fluid, serum, and plasma) in patients with AD (as well as patients with mild cognitive impairment) relative to controls, attempts to identify a single biomarker specific to AD have failed. In the highly publicized Ray et al 2 publication, a large set of plasma-based proteins was analyzed in an effort to identify a biomarker profile indicative of AD. The overall classification accuracy for their algorithm was 90%; additionally, their algorithm accurately identified 81% of patients with mild cognitive impairment who would progress to AD within a 2-to 6-year follow-up period. To date, however, these findings have not been cross-validated nor has an independent blood-based (particularly serumbased) algorithm been published.
In addition to offering more accessible, rapid, and cost-and time-effective methods for assessment, biomarkers (or panels of biomarkers) also hold great potential for the identification of endophenotypes within AD populations that are as-sociated with particular disease mechanisms. Once identified, targeted therapeutics specifically tailored to endophenotype status could be tested. Drawing on an example from cardiovascular disease, by identifying a subset of patients where atherosclerosis is pathogenically related to hypercholesterolemia, plasma cholesterol level is a useful biomarker in the management of coronary artery disease. Plasma cholesterol measurements are useful as indicators of efficacy of treatment with HMG-CoA reductase inhibitors. Translating this conceptual framework to AD would be a major advancement in this field. 3 The identification of a proinflammatory endophenotype of AD would have implications for targeted therapeutics for a subgroup of patients such that those with an overexpression of the proinflammatory biomarker profile may benefit from treatment with anti-inflammatory compounds while those patients with an underexpression of this profile may get worse while receiving such treatment.
In the current study we sought to (1) determine if a serum-based biomarker algorithm would significantly predict AD status, (2) evaluate if inclusion of demographic variables directly into the algorithm would improve the overall classification accuracy, and (3) determine if there was a predominance of inflammatory-related markers that were overexpressed or underexpressed in AD, which would be an initial step toward the concept of an inflammatory-related AD endophenotype.
METHODS
PARTICIPANTS
Participants included 400 individuals (197 subjects with AD, 203 controls) enrolled in the Texas Alzheimer's Research Consortium. The methods of the Texas Alzheimer's Research Consortium project have been described in detail elsewhere 4 ; each participant underwent a standardized annual examination at the respective site, which included a medical evaluation, neuropsychological testing, and interview. Each participant also provided blood for storage in the Texas Alzheimer's Research Consortium biobank. Diagnosis of AD status was based on National Institute of Neurological and Communicative DisordersStroke and the Alzheimer's Disease and Related Disorders Association criteria 5 and controls performed within normal limits on psychometric assessment. Institutional review board approval was obtained at each site and written informed consent was obtained for all participants.
ASSAYS
Nonfasting blood samples were collected in serum-separating tubes during clinical evaluations, allowed to clot at room temperature for 30 minutes, centrifuged, aliquoted, and stored at −80°C in plastic vials. Batched specimens from either baseline or year 1 follow-up examinations were sent frozen to RulesBased Medicine (RBM) (Austin, Texas, www.rulesbasedmedicine .com) where they were thawed for assay without additional freeze-thaw cycles using the RBM multiplexed immunoassay human multianalyte profile (HumanMAP). Multiple proteins were quantified though multiplex fluorescent immunoassay using colored microspheres with protein-specific antibodies. Information regarding the least-detectable dose, interrun coefficient of variation, dynamic range, overall spiked standard recovery, and cross-reactivity with other HumanMAP analytes can be readily obtained from RBM. As with all such technologies, rapid evolution is expected; therefore, the complete list of analytes used from the HumanMAP at the time of the current analyses is provided in Appendix 1 (http://www .txalzresearch.org/).
STATISTICAL ANALYSES
Analyses were performed using R statistical software (version 2.10). 6 Fisher exact and Mann-Whitney U tests were used to compare cases vs controls for categorical variables (APOE ε4 allele frequency, sex, race, or ethnicity) and continuous variables (age and education). The biomarker data were log transformed and then standardized for each analyte. The random forest prediction model was performed using R package randomForest (version 4.5), 7 with all software default settings. We used the method by Bair et al 8 to decorrelate the RBM biomarker data and clinical variables. The receiver operating characteristic curves were analyzed and area under the curve (AUC) was calculated using R package DiagnosisMed (version 0.2.2.2). The significant analysis of microarray was performed using R package samr (version 1.27). 9 The false discovery rate (FDR) was calculated to address the multiple comparison issues. The FDR from significant analysis of microarray analysis (R package SAMR version 1.28) was determined by permutation and those from the Wilcoxon test and logistic regression model were determined by fitting the P values to beta-uniform models. 10 The beta-uniform models were fitted using R package ClassComparison (version 2.5.0) (http://bioinformatics.mdanderson .org/Software/OOMPA/).
RESULTS
Demographic characteristics of the study population are shown in Table 1 . Patients with AD were significantly older (PϽ.001), less educated (PϽ.001), and more likely to carry at least 1 copy of the APOE ε4 allele (PϽ .001) than control participants. Once randomized into a training set or a testing set via a random-number generator, a random forest prediction model was built with the training set using all of the markers in the RBM HumanMAP. Using the training set as a guide, the random forest algorithm assigned a risk score to each subject in the test set that was reflective of the probability of being diagnosed with AD. Using the HumanMAP markers, when the cutoff for the risk score was set to optimize performance at 0.47 (ie, patient's risk score Ͼ0.47=AD, Յ0.47=control), the AUC for the biomarker algorithm was 0.91 (95% confidence interval [CI], 0.88-0.95) and the sensitivity and specificity were equal to 0.80 (95% CI, 0.71-0.87) and 0.91 (95% CI, 0.81-0.94), respectively. When the nonoptimized cutoff of 0.5 was used, the results did not change significantly (AUC=0.91, sensitivity=0.73, specificity=0.91). To test the robustness against allocation to training and test sets, randomization was also done by Texas Alzheimer's Research Consortium site, which yielded an AUC of 0.88 demonstrating the robustness of the algorithm against choice of methods. Figure 1 presents a variable importance plot of protein markers measured by the random forest built from the training set.
Next, the biomarker data were decorrelated 8 from the clinical variables of age, sex, education, and APOE status and an additional random forest prediction model was generated. Results from the multivariate logistic regression model (Table 2) demonstrate that the biomarker risk score was a significant, independent predictor of case status. As can be seen in Table 3 , clinical data alone accurately classified a large portion of the sample, which was comparable with, though somewhat less accurate than, the performance of the biomarker profile alone. However, a combined algorithm using biomarker and clinical data was superior to either alone (Table 3 and Figure 2 ). Using the nonoptimized cutoff for the bio- marker risk score did not change the findings for the algorithm using both clinical and biomarker data (AUC=0.95, sensitivity = 0.90, specificity = 0.87).
Significant analysis of microarray analysis with an FDR of less than 0.001 identified a total of 23 proteins that were either differentially overexpressed (n = 14) or underexpressed (n = 9) in patients with AD relative to controls ( Table 4) . There were 22 proteins identified by the Wilcoxon test with an FDR less than 0.0025 and 22 proteins by logistic regression with an FDR less than 0.01. Figure 3 demonstrates the consistency between methods used. Supporting our notion of a possible inflammatory-related endophenotype present in patients with AD, 10 (macrophage inflammatory protein 1, eotaxin 1, tumor necrosis factor ␣, fibrinogen, interleukin 5 [IL-5], IL-7, IL-10, C-reactive protein, monocyte chemoattractant protein 1, and von Willebrand factor) of the total 30 markers identified in Figure 1 were inflammatory in nature.
COMMENT
In a recently highly publicized study, Ray et al 2 identified a subset of 18 plasma-based proteins that yielded excellent classification accuracy in cases vs controls and our serum protein-based algorithm yielded comparable accuracy. The markers from our study (Figure 1 ) have only minimal overlap with those presented by Ray at al (angiopoietin 2 and tumor necrosis factor ␣). It is likely that this differential signature profile resulted from different sample media as well as different assay platforms. Our study has multiple distinct advantages over that of Ray et al. First, our serum protein assays were conducted by RBM, who have developed high-throughput methods for reliable assay of high volumes of samples and analytes. Rules-Based Medicine is the leading biomarker company in the United States, working with multiple pharmaceutical companies and the Alzheimer's Disease Neuroimaging Initiative as well as several of the leading AD biomarker research laboratories both within and outside the United States. Second, our sample size of controls and AD cases is more than twice as large as the sample used by Ray and colleagues. Third, our study included demographic information in the predictive algorithm (age, sex, education, APOE status) and we demonstrated that the combination of biomarker and clinical information yields superior results to either alone. Finally, our study is unique in that we are the first group, to our knowledge, to present serum-based findings.
In support of our theory of the existence of an inflammatory endophenotype, many of the proteins with the highest importance from the random forest analyses were inflammatory in nature (Figure 1) . Additionally, when significant analysis of microarray analyses were conducted, a large portion of the proteins identified either as overexpressed or underexpressed were inflammatory in nature. Taken together, these data suggest the existence of an inflammatory endophenotype within AD cases, which could offer targeted therapeutic options for this subgroup of patients.
It is possible that the algorithm identified in the current study is not AD specific. The current findings are preliminary in nature and follow-up is necessary to test the ability of the algorithm to detect AD when mixed in with non-AD dementia samples. It is also possible that the inflammatory signature observed is not specific to AD but rather is related to other comorbid factors (eg, cardiovascular disease). In fact, it is likely that a proinflam- 
